The rapid adoption of CRISPR technology has enabled biomedical researchers to conduct 1 5 CRISPR-based genetic screens in a pooled format. The quality of results from such screens is 1 6
Genetic screening is a powerful discovery tool in biology that provides an important functional 2 7 complement to observational genomics. Until recently, screens in mammalian cells were 2 8 implemented primarily based on RNA interference (RNAi) technology. Inherent off-target 2 9 effects of RNAi screens present a major challenge [1] . In principle, this problem can be 3 0 overcome using optimized ultra-complex RNAi libraries [2, 3] , but the resulting scale of the 5 most sensitive to the representation at the selection bottleneck, and least sensitive to 9 3 representation at the infection stage, highlighting the importance of collecting a sufficient 9 4 number of cells for each population during FACS sorting, ideally more than 100-fold the number 9 5 of different library elements. By contrast, the performance of growth-based screens was similarly 9 6 sensitive to representation at all stages.
7
For FACS screens using a given number of cells, an important decision is how extreme 9 8 the cutoffs defining the "high-reporter" and "low-reporter" bins should be. CRISPulator quartile reporter activity results in the optimal detection of hit genes ( Fig. 9) . Closer inspection 1 0 1 revealed that while both signal (sgRNA frequency differences between the two populations) and 1 0 2 the noise (due to lower representation in the sorted population) decrease with larger bin sizes, the 1 0 3 signal-to-noise ratio reaches a local maximum around 25% (Fig. 10) , close to the bin size chosen 1 0 4 fortuitously in published studies [8, 9] . For growth-based screens, the duration of the screen influences the signal (by amplifying 1 0 6 differences in frequency due to different growth phenotypes) but also the noise (by increasing the 1 0 7 number of Poisson sampling bottlenecks generated by cell passaging or repeated applications of 1 0 8 selective pressure). Interestingly, CRISPulator suggests that the effect of screen duration on 1 0 9 optimal performance is different for genes with positive and negative phenotypes, and strongly 1 1 0 depends on the presence of genes with positive phenotypes (Fig. 11) . While genes with positive 1 1 1 phenotypes (increased growth / survival) were detected more reliably after longer screens, genes 1 1 2 with negative phenotypes (decreased growth / survival) were optimally detected in screens of stronger positive phenotypes were present in the simulated genome. While genes with positive 6 phenotypes are rare in screens based on growth in standard conditions [5] [6] [7] , selective pressures, 1 1 6 such as growth in the presence of toxin, can reveal strong positive phenotypes for genes 1 1 7 conferring resistance to the selective pressure [7] . The optimal screen length for growth-based 1 1 8 screens was dictated by a local maximum of the signal-to-noise ratio, which itself depended on 1 1 9 the representation: screens with lower representation were performing better at shorter duration 1 2 0 ( Fig. 12) . Our results therefore predict that especially for growth-based screens using selective 1 2 1 pressures, and screens implemented with low representation, short durations are preferable. While CRISPRn and CRISPRi screens performed similarly in the simulations described 1 2 3 above ( Fig. 8-11) , separate evaluation of genes with linear versus sigmoidal phenotype-1 2 4 knockdown relationship revealed that CRISPRn outperforms CRISPRi for the detection of CRISPulator revealed several non-obvious rules for the design of pooled genetic screens, 1 3 1 illustrating its usefulness. Since certain parameters used by CRISPulator (such as the quality of 1 3 2 sgRNA libraries or the signal-to-noise of FACS-based phenotypes) are estimates informed by 1 3 3 published data, but not directly known, the predicted screen performance does not represent 1 3 4 absolute performance metrics. Rather, the goal is to predict the relative performance of screens parameters. The simulated sequencing reads generated by CRISPulator ( Fig. 10 ) recapitulate 1 3 7 patterns observed in experimental data ( Fig. 14) , thereby facilitating the interpretation of need to be changed to obtain data more suitable for robust hit detection the study. As larger numbers of pooled genetic screens are published, we will further refine the 1 4 7 assumptions underlying the simulation using empirical data. (http://julialang.org), a high-level, high-performance language for technical computing. We have Simulated genome. A genome is defined by assigning a numerical, "true" phenotype to a 1 5 9 number of genes. All of our results featured here used 500 genes in each simulation. 75% of 1 6 0 genes were assigned a phenotype of 0 (wild-type), and 5% of genes were modeled as negative 1 6 1 control genes, also with a phenotype of 0. 10% of genes were assigned a positive phenotype 1 6 2 randomly drawn (unless otherwise indicated) from a Gaussian distribution with μ =0.55 and 1 6 3 σ =0.2 (clamped between [0.1, 1.0]), and 10% of genes were assigned a negative phenotype 1 6 4 randomly drawn from an identical distribution except with μ =-0.55 and clamping [-1.0, -0.1] 1 6 5 ( Fig. 2) . Next, each gene was randomly assigned a phenotype-knockdown function (Fig. 3 ) to 1 6 6 simulate different responses of genes to varying levels of knockdown. 75% of genes were 1 6 7 assigned a linear function that linearly interpolates between 0 and the "true" phenotype from 1 6 8 above as a function of knockdown, the remaining 25% of genes were assigned a sigmoidal to the "true" phenotype, l) was drawn from a normal distribution with a mean of 0.1 and a 1 7 2 standard deviation of 0.05. The function f was defined as follows:
This specific sigmoidal function was chosen over the more standard special case of the logistic 1 7 8 function or the Gompertz function because it is highly tunable and has a range between 0 and l 1 7 9
on a domain of [0, 1]. The initial frequency distribution of sgRNAs in the library was modeled as a log-normal 1 9 1 distribution such that a guide in the 95 th percentile of frequencies is 10 times as frequent as one 1 9 2 in the 5 th percentile (Fig. 5) , which is typical of high-quality libraries in our hands [7]. 19.5% of the initial pool. For CRISPRi screens, phenotypes for each cell were determined based on the sgRNA 2 0 1 knockdown efficiency (from above) and based on both the phenotype and the knockdown- were set using using sgRNA knockdown efficiency (specific for CRISPRn screens, see previous high-quality guides CRISPRn guides had a 1/9, 4/9, or 4/9 chance of having 0%, 50%, or 100% 2 0 7 knockdown efficiency, respectively. This knockdown efficiency was then used with the 2 0 8 knockdown-phenotype relationship and true phenotype of the gene to calculate the observed 2 0 9
phenotype. The assumption that only bi-allelic frame-shift mutations lead to a phenotype in 2 1 0
CRISPRn screens for most sgRNAs is supported by the empirical finding that in-frame deletions percentile (X was real value between 0 and 50) were taken as the two comparison bins. Growth experiments were simulated as follows: (1) in the time frame that WT cells (true 2 2 1 phenotype=0) divide once, cells with the maximal negative phenotype, -1, do not divide, and t=0 and t=n are taken as the two populations for comparison. Sample preparation was simulated by taking the frequencies of each guide in the cells 2 3 0 after selection and constructing a categorical distribution with the frequencies as the weights. to the number of total reads. The software, CRISPulator, described in this study, which was also used to generate the data, is additional restrictions for commercial use. MK is an inventor on a patent application related to CRISPRi and CRISPRa screening 2 7 8
(PCT/US15/40449). CRISPulator software. Each point represents and individual sgRNA, plotting its read numbers in the simulated deep genes with the strongest actual phenotypes, and the top 50 hit genes called based on the screen means and 95% confidence intervals, respectively, for 10 independent simulation runs. margins represent means and 99% confidence intervals, respectively, for 100 independent 3 7 9 simulation runs. representation at the selection stage. 
